1. Introduction {#sec0001}
===============

Effective household waste management is a crucial challenge due to the involvement of multiple stakeholders, including managers, sanitation companies, workers and vast residents. The publicity of household waste management acts as a communication channel for the stakeholders. The manner of publicity evolves rapidly during the past three decades. The primary publicity pathway before the year 2000 was traditional one-way media, such as newsletters, magazines and posters. In the internet era after around 2003, more and more publicity of household water management was spread through web pages. In recent years, the use of social media has been widespread. According to the Global Digital 2019 reports, 3.48 × 10^9^ population worldwide (i.e. 45%) were active social media users with a 9% increasing rate compared to 2018 ([@bib0046]). Social media information has been demonstrated to create operational value ([@bib0006]), promote online value co-creation ([@bib0013]) and improve policy regulations ([@bib0049]). With the development of Internet of Things (IoT), subscription accounts on social media platforms are being applied to household waste management innovatively, such as food waste management using Facebook and Instagram ([@bib0034]) and waste electronic equipment collection with the help of WeChat, Weibo and Sina blogs ([@bib0060]). In a survey with 850 samples about the information pathways of waste recycling, the proportions of newspaper and television, internet and social media were 29%, 26% and 45% ([@bib0044]). Social media (45%) appears as a compelling pathway in conveying messages. However, compared to other industrial sectors, the digitalisation in waste management was still in its infancy ([@bib0045]). This paper focuses on social media publicity related to household waste management.

In the field of household waste management, social media provides a sustainable and environmentally friendly publicity pathway compared to traditional publicity via posters and newspapers. It brings incomparable convenience for residents in at least three aspects:i)Information on social media presents responsive access to global society. For example, a subscription account on Facebook, \@WasteManagement, had 181,464 active users by 22 August 2020 ([@bib0011]). Users are quickly informed of the latest regulations, news and opportunities by social media. Considering the recency of regulations has an impact on behaviours and the related implementation ([@bib0039]), social media can promote waste recycling ([@bib0007]) and increase the participation of stakeholders by communicating with residents persuasively ([@bib0028]).ii)Social media can provide instant interaction and feedback regarding their concerns and suggestions ([@bib0056]). The computer-based feedback systems can be tailored to track recycling activity and send feedback in the whole social networks, which help to significantly increase segregation accuracy and nurture recycling behaviour ([@bib0028]).iii)Social media serves as a facilitator for strengthening the willingness to adopt more environmentally friendly attitudes. The public reaction in Australia was quite positive when managers advised the general public to engage in recycling and resource recovery via social media ([@bib0053]). [@bib0050] proposed Web 2.0 and social media technologies and platforms to foster environmentally friendly behaviours for residents, even those residents in low-income urban communities.

The ultimate goals of social media publicity are to raise environmental awareness of residents ([@bib0033]) and influence/change public behaviours, such as waste reduction behaviour ([@bib0055]) and recycling behaviour ([@bib0048]). The indirect influence mechanism of information publicity on behaviour and intention has been investigated by [@bib0052]. The social media publicity and characteristics of a subscription account should be figured out adequately to promote awareness of residents and guide public behaviours on waste reduction, segregation and recycling. There is a paucity of literature on measuring social media publicity systematically in household waste management. Generally, the popularity of a subscription account on social media could be reflected by user engagement ([@bib0003]), such as views ([@bib0023]), likes ([@bib0030]), user-to-user interaction ([@bib0018]) and user comments ([@bib0015]). Previous observations indicated that the popularity of a social media post regarding household waste management was related to its publishing time ([@bib0032]), published title and topics ([@bib0024]) in attracting the user attention. However, the unsystematic measures and limited statistical analytics bring significant challenges for practitioners and managers to characterise and improve social media publicity related to household waste management.

This study aims to offer systematic measures for social media publicity related to waste management by analysing the online footprints of propagandist (i.e. the person who manages and oversees a subscription account) and users (i.e. residents who subscribe the account). The analysed results are useful in further improving social media publicity, thereby targeting to raise environmental awareness of residents and change public behaviours of waste segregation and recycling. The major contributions of this study are summarised as follows:a)The online footprints of propagandist and users of the subscription account, including both time series data and textual data, are innovatively applied to social media data mining in household waste management to measure and improve social media publicity in terms of publishing time, publicity topics, user popularity, status and trend, view-like relation, relative publicity quality and user feedback.b)An integrated framework for related publicity analytics is constructed, which is a closed-loop system on data collection, measure design, data analytics, visualisation and decision-support insights. For ease of applications, visualisation representations of social media publicity are offered for managers to gain the intuitive impressions of publicity analytic results of a specific subscription account.c)The observations yielded through a real-world case study in Shanghai assist in improving the effects of social media publicity and enhance household waste management. The extracted information in user comments helps to promote household waste segregation and recycling.

This paper is structured by sections. [Section 2](#sec0002){ref-type="sec"} presents the methodology. [Section 3](#sec0013){ref-type="sec"} shows a real-world application. [Section 4](#sec0023){ref-type="sec"} concludes this paper.

2. Methodology {#sec0002}
==============

This section introduces the integrated framework, data collection method, and data mining approaches for measuring and analysing social media publicity.

2.1. Framework {#sec0003}
--------------

The proposed integrated framework of measures and analytics for social media publicity is presented in [Fig. 1](#fig0001){ref-type="fig"} . The framework is a closed-loop system including the subscription account management, data collection, publicity analytics, visualisation, insight generation and waste management enhancement. A specific subscription account that connects user clusters directly or indirectly publishes posts mainly about waste management related contents. The collected data, online footprints of propagandist and users, are modelled by statistical and machine learning techniques to answer the following questions:i)What are the time distribution and peak time of published posts under uncertainties?ii)What are the ranking order and the contribution levels of the major publicity topics?iii)What is the user popularity in terms of the number of views or likes of these posts?iv)What are the life cycle status and trend of publicity in a specific subscription account?v)What is the potential relationship between views and likes in a subscription account?vi)What is the relative publicity quality by those posts with a few likes or without likes?vii)What is the user feedback, and what are the topics behind active user comments? Fig. 1The integrated framework of measures and analytics for social media publicity related to household waste management.Fig. 1

Based on the seven questions, the design of inter-related measures is presented in [Fig. 1](#fig0001){ref-type="fig"}, where seven modelling tasks are matched with the related measures. After measuring, analysing and visualising social media publicity, the insights and possible decision support of practical applications are provided for managers to improve social media publicity and enhance household waste management further.

2.2. Data collection {#sec0004}
--------------------

For a subscription account on a social media platform, the data to be collected are divided into two categories---namely, online propagandist footprints and online user footprints. Table S1 in Supporting Information shows the ranking order and some online footprints of the top ten social media platforms with the subscription account functions. Overall, except Snapchat, the other nine platforms have similarity in online footprints. The propagandist footprints include publishing time, title information, published contents and replies for user comments. The user footprints include information of views, likes (e.g. thumb, love and voting) and user comments. In this study, the analysis approaches of published topics are developed for the title information of posts (i.e. text data rather than voice or video data) so that the approaches have broader applications for different social media platforms.

Different cities develop respective subscription accounts that oversee their own publicities of interest. Since the subscription accounts are relatively independent in terms of published posts, this study focuses on measuring social media publicity of an individual account. The corresponding online footprints of anonymous users are collected and matched with the information of historical posts in a subscription account. As posts and online footprints on most platforms are public data, they can be easily accessed and collected. What researchers need to be careful is the privacy protection which can be guaranteed via using anonymous information for data analytics. Regarding how long the time duration of data collection should be, we suggest collecting at least a whole year data since the trend and topic analyse need enough data to be insightful.

2.3. Publicity measures and analytics {#sec0005}
-------------------------------------

### 2.3.1. Publishing time {#sec0006}

The publishing time or date may not be fixed due to numerous uncertain factors involved in the publishing process. It is foreseeable that the peak time of different subscription accounts varies significantly. To measure the publishing date, the conventional way, frequency distribution histogram ([@bib0016]), can count the week pattern of the number of posts. However, for the publishing time within a day, larger uncertainties and the resultant multiple peak values in the frequency distribution histogram hinder the estimation of the real publishing behaviour. A continuous probability distribution offers a robust way to estimate the distribution of publishing time and the potential peaks in the distribution. A Gaussian mixture model can fit complicated distributions using several Gaussian components, which has been widely used for error distribution fitting ([@bib0057]) and conditional probability distribution fitting ([@bib0021]). The Gaussian mixture distribution *p*(*t*) is designed to fit the distribution of publishing time:$$p\left( t \right) = \sum\limits_{k = 1}^{K}{c_{k}p\left( t \middle| k \right)} = \sum\limits_{k = 1}^{K}{c_{k}\Phi\left\lbrack t \middle| \mu_{k},\Sigma_{k} \right\rbrack},$$ $$\sum\limits_{k = 1}^{K}c_{k} = 1,$$ $$t^{*} = arg\max\limits_{\forall t}p\left( t \right),$$where *t* denotes the publishing time; Φ\[*t*\|*μ~k~*, Σ~*k*~\] is Gaussian density; *c~k~, μ~k~* and Σ~*k*~ represent the weight, mean vector and covariance matrix for the mixture component *k*. The sum of weights equals 1, as shown in [Eq. (2)](#eqn0002){ref-type="disp-formula"}. The publishing peak time *t*\* is given by [Eq. (3)](#eqn0003){ref-type="disp-formula"}. Although better fitting results can be yielded by adding more components, more parameters in the mixture distribution with multiple components imply a higher risk of overfitting. The Gaussian mixture distribution with the minimal Akaike\'s information criterion (AIC) value is regarded as the best-fitted distribution ([@bib0002]). After modelling and analyses, the relationship between the historical publishing time/date and the resultant user engagement can be analysed to improve the future publishing time/date.

### 2.3.2. Publicity topics {#sec0007}

The publicity topics on social media are generally diverse to keep the followers interested. [@bib0005] suggested that a large percentage of diverse and high-quality contents in a subscription account should be curated by informative social media posts or blog posts from other waste management accounts. It is beneficial for managers to identify the underlying topics in social media publicity related to household waste management. The latent Dirichlet allocation (LDA) ([@bib0004]) is a commonly used topic analysis model which infers the keyword probabilities in topics and discovers major underlying topics in the text data. The prior parameters of an LDA model can be tuned by heuristic algorithms, such as the differential evolution ([@bib0001]) and the adaptive particle swarm optimisation ([@bib0022]). More details about the topic modelling and its applications are referred to [@bib0019]. This study builds an LDA model for the title information analytics regarding social media publicity to discover its underlying topics. As the data volume is significantly reduced by just modelling the title information, the inference algorithm of collapsed Gibbs sampling ([@bib0042]) can be faster and more accurate than various variational Bayes algorithms ([@bib0019]). The optimal number of underlying topics of the LDA model is determined by the minimal perplexity of a held-out set of posts ([@bib0036]). The trained LDA model generates the optimal *J* underlying topics and the probabilities *ζ~ij~* of topic mixtures (*j* ∈ {1, 2, \..., *J*}) for each post *i*, ∀*i* ∈ {1, 2, \..., *I*}. The probabilities *ζ~ij~* satisfy [Eq. (4)](#eqn0004){ref-type="disp-formula"}. The sum of probabilities *ψ~j~* in [Eq. (5)](#eqn0005){ref-type="disp-formula"} is then defined as the usage-degree-of-topic in historical posts for each topic *j*.$$\sum_{j = 1}^{J}\zeta_{ij} = 1,\begin{matrix}
 \\
\end{matrix}\forall i$$ $$\psi_{j} = \sum_{i = 1}^{I}\zeta_{ij},\begin{matrix}
 \\
\end{matrix}\forall j$$

The topic analysis is further extended to understand the publicity better. The probabilities *ζ~ij~* generated by the LDA model and the number of views (or likes) are innovatively linked via a regression model to investigate the contribution-level-of-topic for the number of views (or likes). As the topics yielded by an LDA model are independent, we build a multivariate linear regression model for the number of views (or likes) and the probabilities of topics, as expressed as [Eq. (6)](#eqn0006){ref-type="disp-formula"} and [Eq. (7)](#eqn0007){ref-type="disp-formula"}. The contribution-level-of-topic is represented by the regression coefficients **w**\*:$${\hat{y}}_{i} = \sum\limits_{j{= 1}}^{J}{w_{j}\zeta_{ij}},\begin{matrix}
 \\
\end{matrix}\forall i,$$ $$\mathbf{w}^{*} = \arg\min\limits_{\forall\mathbf{w}}\frac{1}{T}\sum\limits_{i = 1}^{I}\left( {y_{i} - {\hat{y}}_{i}} \right)^{2} = \arg\min\limits_{\forall\mathbf{w}}\frac{1}{T}\sum\limits_{i = 1}^{I}\left( {y_{i} - \sum\limits_{j = 1}^{J}{w_{j}\zeta_{ij}}} \right)^{2},$$where *y~i~* is the number of views or likes of the post *i*; ${\hat{y}}_{i}$ denotes the estimated value of *y~i~*. The contribution-level-of-topic results could improve social media publicity by promoting more publications with great public attention.

### 2.3.3. User popularity {#sec0008}

Views, likes, comments and replies were suggested to indicate the popularity of social media by [@bib0023]. In this section, the numbers of views and likes are considered preferentially to measure the user popularity of published posts. The comments and replies are discussed later and regarded as two-way feedback in [Section 2.3.7](#sec0012){ref-type="sec"}. Since the number of views or likes has different scales for different posts, a probability distribution of the number of views or likes is a competent and robust way to estimate the user popularity of historical posts. Judged by the AIC ([@bib0002]) as shown in [Eq. (8)](#eqn0008){ref-type="disp-formula"}, the most appropriate distribution *d*\* with the smallest AIC value in [Eq. (9)](#eqn0009){ref-type="disp-formula"} is identified for the popularity distribution amongst the 19 commonly used probability distributions ([@bib0020]):$$\text{AI}C_{d} = - 2\ln\left( L_{d} \right) + 2n_{d},\begin{matrix}
 \\
\end{matrix}\forall d,$$ $$d^{*} = arg\min\limits_{\forall d}\text{AI}C_{d},$$where *L~d~* is the likelihood value of the distribution fitting under the probability distribution *d, d* ∈ {1, 2, \..., 19}; *n~d~* is the number of parameters of the candidate distribution *d*.

There are scarce symmetric distributions for the number of views or likes in real-world cases. The sample skewness *S* ([@bib0009]), as shown in [Eq. (10)](#eqn0010){ref-type="disp-formula"}, is a natural statistical measure to estimate the skewness of a distribution:$$S = \frac{\sqrt{I\left( {I - 1} \right)}}{I - 2}\frac{\frac{1}{I}\sum_{i = 1}^{I}\left( {y_{i} - \overline{y}} \right)^{3}}{\left( \sqrt{\frac{1}{I}\sum_{i = 1}^{I}\left( {y_{i} - \overline{y}} \right)^{2}} \right)^{3}},$$where *I* is the number of published posts; *y~i~* is the number of views or likes, *i* ∈ {1, 2, \..., *I*}; $\overline{y}$ denotes the sample mean.

### 2.3.4. Status and trend {#sec0009}

For different social media platforms, views and likes are fundamental factors to measure user popularity and the success of a post on social media. The number pattern of views or likes can be further analysed to measure the status and trend of social media publicity. Amongst statistical tools, the boxplot ([@bib0014]) is a competent candidate for such status and trend analytics as it can assist in discovering time series patterns from statistical data ([@bib0020]). The division of time duration for trend analysis depends on the availability of historical data. If the numbers of views and likes are collected during several years, the boxplot generates not only annual mean values but also their five percentiles, including a top whisker (a 95^th^ percentile),  a top of the box (a 75^th^ percentile), a median value (a 50^th^ percentile), a bottom of the box (a 25^th^ percentile) and a low whisker (i.e. the minimum value) ([@bib0010]). The status of social media publicity is revealed by comparing the boxes. The time-series trend of the mean values and the five percentiles are further used to analyse the publicity trend of a subscription account. The status and trend can also help to judge the life-cycle stages of a subscription account by referring to the product life cycle ([@bib0012]). Since the contents of published posts in a subscription account would be different for different years, another interesting point regarding the annual trend analysis is the ratio of annual waste management related posts in total annual posts. The trend of annual ratios could assist in explaining the changes in user popularity.

### 2.3.5. View-like relation {#sec0010}

For a published post in social media, from the perspective of a propagandist, a greater number of views that may trigger more likes from users implies better publicity. From the perspective of users, users may recommend their relatives and friends viewing the posts of interest, which, in turn, increases the number of post views. The number of views and the number of likes might have a correlation. Since the Spearman correlation test has no indicated limitation on the variable distribution ([@bib0040]), it has been used to analyse the potential relationship between the number of views and the number of likes. The Spearman correlation coefficient *ρ*(*v, l*) is given by:$$\rho\left( {v,l} \right) = {{\text{cov}\left( {\text{rg}v,\text{rg}l} \right)}/\left( {\sigma_{\text{rg}v}\sigma_{\text{rg}l}} \right)},$$where *v* denotes the variable of the number of views; *l* denotes the variable of the number of likes; $\text{cov}\left( {\text{rg}v,\text{rg}l} \right)$ is the covariance between the rank variables rg*v* of *v* and rg*l* of *l; σ* ~rg*v*~ and *σ* ~rg*l*~ are standard deviations of rg*v* and rg*l*.

Under the condition of a strong and statistically significant correlation, the view-like relation can be expressed as a view/like ratio, if a bivariate graph (e.g. scatterplot) suggests a relatively linear relationship. Otherwise, the view-like relation should be fitted by an appropriate nonlinear function, such as the polynomial, exponential and radial basis function. For the view/like ratio estimation, the strong assumption of normal distribution in traditional linear regression restricts its practical application. The parameter estimation of a linear regression under the Bayesian paradigm ([@bib0008]) has the superiority to deal with a heavy-tailed distribution and the ratio outliers. The view-like relation can be expressed as:$$\begin{array}{r}
{v = \left\{ \begin{matrix}
{a_{\text{Bayes}}l + b,\mathit{if}\mathit{line}\mathit{ar}} \\
{f\left( l \right) + b^{\text{’}},\mathit{if}\mathit{nonl}\mathit{inear}} \\
\end{matrix} \right.,} \\
\end{array}$$where *a* ~Bayes~ denotes the estimated ratio; *b* and *b*′ are intercepts; *f*(*l*) denotes a fitted nonlinear function. In a traditional linear regression, the estimated ratio can be solved in a closed form by a least-squares method. However, the *a* ~Bayes~ under the Bayesian paradigm can only be solved by an approximation algorithm, e.g. a Markov chain Monte Carlo.

### 2.3.6. Publicity quality {#sec0011}

Since user scales are different for subscription accounts, and publicity quality fluctuates as the time changes, it is challenging to estimate the absolute publicity quality of a subscription account. This study proposes a concept of relative publicity quality (RPQ) for social media publicity. By this concept, all historical posts are compared under the same subscription account. The publicity quality via social media depends on the user behaviour of likes. Considering the final goal---namely, behaviour changes ([@bib0048]) and environmental awareness promotion ([@bib0033])---of social media publicity related to household waste management, the number of likes is a natural measure that reflects potential willingness and awareness of users. RPQ is determined by two categories of posts with poor quality, i.e. the posts without likes and the posts related to outliers of the time-serial view/like ratio. The expression of RPQ and the identification of outliers are given by:$$\text{RPQ} = 1 - \frac{W}{I} - \frac{O}{I},$$ $$F_{\text{lower}} = Q_{1} - \tau\left( {Q_{3} - Q_{1}} \right),$$ $$F_{\text{upper}} = Q_{3} + \tau\left( {Q_{3} - Q_{1}} \right),$$where RPQ in [Eq. (13)](#eqn0013){ref-type="disp-formula"} is scoped in the range of \[0, 1\] with 1 being a preferable value; *I* denotes the total number of historical posts; *W* denotes the number of the posts without likes; *O* denotes the number of outliers. In [Eqs. (14)](#eqn0014){ref-type="disp-formula"} and [Eq. (15)](#eqn0015){ref-type="disp-formula"}, the ratio beyond its fence range \[*F* ~lower~, *F* ~upper~\] is regarded as an outlier; *Q* ~1~ and *Q* ~3~ are conditional quartiles; $Q_{3} - Q_{1}$ denotes the interquartile range for each ratio, where the range is estimated by the non-parametric quantile-based method ([@bib0035]) based on the quantile regression forests ([@bib0038]); *τ* is a control coefficient for the fence range which is set as 1.5 ([@bib0029]).

### 2.3.7. User feedback {#sec0012}

User comment is the primary feedback pathway on a subscription account. More likes and views possibly bring more user comments for a post. The Spearman correlation test ([@bib0040]) is used to analyse the relationship between the number of user comments and the number of views (or likes). Managers may also want to know the topics behind the posts with active user comments. The keyword frequency statistics can answer such a question for managers. The Bag-of-n-grams model ([@bib0037]) is employed to record the number of times that each keyword appears in historical posts. Besides the correlation measure and the topic analyses, the reply rate for user comments, i.e. a concept of feedback to user feedback, is regarded as a measure to analyse the enthusiasm of the propagandist. The user feedback and interactions are informative since different questions, errata identifications, useful suggestions and critical comments from users have been recorded. It is potential in improving social media publicity of a subscription account and enhancing household waste management if user comments are extracted and interpreted properly.

3. Case study {#sec0013}
=============

3.1. Case statement {#sec0014}
-------------------

A subscription account---namely, Shanghai Green Account---on the WeChat platform is taken as a testing ground. The collected data are from 20 May 2015 to 20 December 2019. This subscription account with over 40,000 active users is used in the great Shanghai area. Shanghai is not only an economic centre but also an innovation centre of China. In 2014, Shanghai launched a Green Account programme to help residents to participate in a new incentive plan on waste segregation and recycling. The Shanghai Green Account published posts on the WeChat platform starting from 20 May 2015. Residents were suggested to register their green accounts and conducted waste segregation and recycling with incentives. Residents can exchange daily necessities and vouchers using green points in their green accounts. In July 2019, the Green Account programme regarding waste segregation and recycling was implemented mandatorily in the great Shanghai area. More details are referred to the Green Account programme ([@bib0054]) and the incentives based on green points ([@bib0020]). In the case study, Excel 2016, R 3.6.3 and MATLAB 2019b are used for the data storage, pre-processing, data mining and result visualisation.

3.2. Results and discussion {#sec0015}
---------------------------

This subsection measures social media publicity of the Shanghai Green Account and delivers some personalised improvements for its publicity.

### 3.2.1. Publishing time and its improvement {#sec0016}

The publishing date in a week is shown in [Fig. 2](#fig0002){ref-type="fig"} a. The ranking order of the number of posts is 697 (Friday), 124 (Thursday), 67 (Saturday), 53 (Monday), 37 (Wednesday), 33 (Tuesday) and 23 (Sunday). More than 65% posts (i.e. 697/1,034) were published on Friday. The purpose of posting on Friday is difficult to understand from both the waste dumping behaviour and user engagement perspectives. The big data analysis results indicated that the most frequent waste dumping occurred on Sunday rather than Friday in a pilot community in Shanghai ([@bib0020]). Although the optimal post time of social media varied across markets and industries, posting on Monday to Thursday (earlier in a week) seemed to get a higher user engagement than posting on Friday ([@bib0031]). The combination of the Friday ([Fig. 2](#fig0002){ref-type="fig"}a) and the peak time duration 17:00--18:00 ([Fig. 2](#fig0002){ref-type="fig"}b) seems to be more likely the end of working time during a week. Regarding the distribution of publishing time in [Fig. 2](#fig0002){ref-type="fig"}b, six Gaussian components are identified as the best combination in the Gaussian mixture model according to the minimal AIC (Table S2 in Supporting Information). Amongst the estimated six peaks, the top two peaks occur at 17:00--18:00 and 20:00--21:00. The relatively loose distribution in [Fig. 2](#fig0002){ref-type="fig"}b indicates that the timing under the Shanghai Green Account does not obey the suggestion of publishing posts on a particular time ([@bib0005]). The online surfing time of users depends on their daily schedule. The publishing time should be specified as a fixed time period of the day ([@bib0032]). The Gaussian mixture distribution has a potential advantage in a further application. The mixture distribution can be matched with the optimal time distribution on the social media platform to measure the quantitative matching degree.Fig. 2The probability distribution of publishing time on a week scale (a) and a day scale (b) and the number distribution of user views on a week scale (c) and a day scale (d).Fig. 2

Regarding the improvement of publishing time, [Fig. 2](#fig0002){ref-type="fig"}c indicates that the posts published on Thursday have the greatest number of views amongst a week. [Fig. 2](#fig0002){ref-type="fig"}d suggests that the posts published in 12:00--13:00 and 20:00--23:00 (especially 21:00--22:00) have greater numbers of views than other time durations. These observations imply that most users view the posts when they have relatively spare time, apart from workloads and other dominated activities (e.g. entertainment on weekends). The identified golden time durations by [Fig. 2](#fig0002){ref-type="fig"}c and 2d do not match with the publishing time in [Fig. 2](#fig0002){ref-type="fig"}a and 2b. The above observations imply that the current publicity is propagandist-centred in the time dimension. Other evidence of the propagandist-centred publicity is discussed further in [Section 3.2.2](#sec0017){ref-type="sec"}. The identified golden time durations, 12:00--13:00 and 21:00--22:00 on Thursday based on [Fig. 2](#fig0002){ref-type="fig"}c and 2d, can guide to improve potential publicity effects related to household waste management.

### 3.2.2. Underlying topics and topic improvement {#sec0017}

Historical posts are divided into two sets. An in-sample set of 80% posts is taken to train an LDA model. The remaining held-out set (i.e. the validation set) of 20% posts is employed for model validation. Two quantitative measures are used to show the reliability of the results. The first one---namely, perplexity---is a general quality measure for the entire model ([@bib0004]). [Table 1](#tbl0001){ref-type="table"} shows the validation perplexities under the number of topics from 1 to 15. The model with ten topics achieves the minimal validation perplexity of 214.9, which indicates that the identified model is more reliable than the other models with different numbers of topics. The perplexity measure was also adopted by [@bib0049] to find the most effective topic analysis model for the negative sentiments of residents. The second one---namely, topic similarity---is a quality measure to show the individual representativity of an identified topic. The cosine similarity of topic vectors was adopted to measure the topic similarity ([@bib0043]). The keyword probabilities per topic generated by the LDA model are used to calculate the cosine similarity of an identified topic to the other topics. The mean cosine similarity of the ten topics is calculated as 0.076 (by averaging 0.151, 0.093, 0.090, 0.003, 0.029, 0.139, 0.111, 0.049, 0.003 and 0.093). Although sporadic keywords exit in more than one topic, the low mean cosine similarity indicates that these topics are representative and relatively independent for the posts of the Shanghai Green Account.Table 1The validation perplexities under the different numbers of topics.Table 1Number of topicsValidation perplexityNumber of topicsValidation perplexityNumber of topicsValidation perplexity1257.86221.811218.02260.07223.512215.83242.28220.213226.24223.39219.614216.85220.710214.915227.3[^1]

[Fig. 3](#fig0003){ref-type="fig"} a shows the ten topics and a descending ranking order of ten topics (by corpus topic probabilities observed in published posts, i.e. 0.131, 0.123, 0.117, 0.097, 0.096, 0.095, 0.094, 0.087, 0.081 and 0.079). The LDA model has generated 698 keywords. The different font sizes of keywords in each word cloud in [Fig. 3](#fig0003){ref-type="fig"}a are associated with the keyword probabilities in each topic. For the ten topics, the maximal keyword probability per topic is 0.168, 0.187, 0.093, 0.195, 0.089, 0.150, 0.103, 0.202, 0.142 and 0.093. The ten topics have particular focuses. Judged by the first four keywords per topic ([@bib0017]), the focuses of the ten topics are household waste segregation (Topic 1), green account/point and district waste management (Topic 2), incentives related to green accounts (Topic 3), environmental protection and education (Topic 4), new stories and knowledge (Topic 5), waste segregation and industry highlights (Topic 6), people related to waste management (Topic 7), Shanghai city and its fun places/activities (Topic 8), good modes in waste management (Topic 9) and welfares and new changes of Shanghai (Topic 10).Fig. 3Major topics, topic mixtures and topic usage/contribution. (a) the ten topics of the Shanghai Green Account and the ranking order of topics. (b) topic mixtures of the ten most popular posts (1 to 10 in the y-axis) and the ten least popular posts (11 to 20 in the y-axis) and (c) the comparison between the usage-degree-of-topic and the contribution-level-of-topic.Fig. 3

[Fig. 3](#fig0003){ref-type="fig"}b shows the topic mixtures of the ten most popular posts (1 to 10) and the ten least popular posts (11 to 20). Each post in [Fig. 3](#fig0003){ref-type="fig"}b is a combination of the above ten topics. Overall, Topic 5 has larger weights in the ten most popular posts than weights in the ten least popular posts. The posts 11, 14 and 20 that focus on Topics 1 and 4 are all from the ten least popular posts. According to [Section 2.3.2](#sec0007){ref-type="sec"}, the usage-degree-of-topic in [Fig. 3](#fig0003){ref-type="fig"}c indicates that Topics 1 to 4 are used most frequently by propagandist in historical posts. The multivariate linear regression function between the number of views and the ten topics is calculated as [Eq. (16)](#eqn0016){ref-type="disp-formula"}. The regression coefficients in [Eq. (16)](#eqn0016){ref-type="disp-formula"} i.e. the contribution-level-of-topic in [Fig. 3](#fig0003){ref-type="fig"}c shows that Topics 2, 3 and 5 contribute more for the number of views, but Topics 4 and 8 contribute less than other topics. The mismatch between the usage-degree-of-topic and the contribution-level-of-topic, especially for Topics 4 and 5, indicates that the current publicity related to household waste management is propagandist-centred in the topic dimension. The analytics of topic contribution and underling topics offer a possibility to improve the publicity by incorporating more high-contribution topics in newly published posts. The pure preaching on environmental protection and the introduction of shanghai city and its fun places seem to be difficult to stimulate the interests of residents, compared to incentive activities and new stories and knowledge related to waste management. Such quantitative analysis results are in line with the statement and suggestion for waste segregation in Beijing ([@bib0058]).$$\begin{array}{l}
{v = 749.76\zeta_{1} + 1,110.27\zeta_{2} + 1,919.13\zeta_{3} + 336.71\zeta_{4} + 2,977.32\zeta_{5}} \\
{\begin{matrix}
 & + \\
\end{matrix}1,035.59\zeta_{6} + 637.30\zeta_{7} + 526.00\zeta_{8} + 601.65\zeta_{9} + 1,033.42\zeta_{10}} \\
\end{array}$$

### 3.2.3. Distribution of user popularity {#sec0018}

According to the minimal AIC (i.e. 16,203.02 and 6,574.57 from the goodness-of-fit results in Table S3 and Table S4 in Supporting Information), the generalised extreme value (GEV) distribution is identified as the most suitable one for the number of views or likes amongst the 19 potential probability distributions. Both of the two fitted distributions have apparent long-tail characteristics with the sample skewness of 3.71 ([Fig. 4](#fig0004){ref-type="fig"} a) and 2.52 ([Fig. 4](#fig0004){ref-type="fig"}b). The propagandist of a subscription account should focus more on those posts in the long-tail parts which offer better guidance to attract user engagement. The shape, scale and location parameters of the GEV distribution for the number of views ([Fig. 4](#fig0004){ref-type="fig"}a) are 0.62, 366.10 and 492.50. The average number of views is estimated at 1,282.70. The GEV parameters for the number of likes ([Fig. 4](#fig0004){ref-type="fig"}b) are 0.42, 3.90 and 4.58. The average number of likes is estimated at 9.57. These distribution parameters and mean values can be used to analyse user engagement ([@bib0003]). For the Shanghai Green Account, there are average 1,283 views, and ten likes for a post. Such quantitative results collectively with the skewness values and the estimated distribution parameters can be set as benchmarks for future publicity improvement on waste segregation and recycling in Shanghai.Fig. 4The probability distributions of (a) the number of views and (b) the number of likes.Fig. 4

### 3.2.4. Annual status and trend {#sec0019}

The annual status and trend based on views and likes are shown in [Fig. 5](#fig0005){ref-type="fig"} a and 5b. The annual number of views had a stable increase from 2015 to 2017, but it was reduced in 2018. This is basically in line with the conclusion that social media popularity peaks four years later since entry ([@bib0012]). According to the product life cycle concept, the subscription account was in its decline stage in 2018. It is interesting that the annual number of views in 2019 was elevated significantly. After the trial operation in broad pilot communities in 2018 ([@bib0020]), the policy on mandatory waste segregation was implemented on 1 July 2019 in Shanghai ([@bib0054]). According to the data released by the Shanghai Landscaping & City Appearance Administrative Bureau ([@bib0047]), the average daily waste collections in 2019 included dry waste 17,731 t/d, biodegradable food waste 7,453 t/d (also called as wet waste in Shanghai), recyclable waste 4,049 t/d and hazardous waste 0.6 t/d. Compared to those at the end of 2018, dry waste was reduced by 17.5%; biodegradable food waste, recycling waste, and hazardous waste were elevated by 88.8%, 431.8% and 504.1%. The elevation of the annual number of views, a growth rate of 138.5% by the annual mean from 2018 to 2019, can be well explained since many residents rely on the post information on waste segregation and recycling in 2019. But the managers should be aware that this is only a passive success to refresh the product life cycle of this subscription account, which heavily benefits from the external macro policy. Under a concept of dynamic product life cycle management, the publicity innovation with interesting and useful posts should be introduced for the subscription account, once the trend transfers to a maturity or decline stage from a growing stage.Fig. 5Trends of (a) the number of views, (b) the number of likes and (c) the ratio of annual waste management related posts in total annual posts from 2015 to 2019. The five lines on a boxplot denote five percentiles, and the notation \' × \' denotes an annual mean.Fig. 5

The results suggest similar overall trends on views and likes in [Fig. 5](#fig0005){ref-type="fig"}a and 5b, which implies that either views or likes can be employed for the status and trend analysis. This is a useful observation since some social media platforms, e.g. Reddit, only count the number of voting (i.e. a type of likes) rather than views. Although the \'Live Story\' function of Facebook can provide information on both views and likes, easily accessible public information in the subscription accounts on Facebook, e.g. \@WasteManagement on Facebook ([@bib0011]), is the number of likes.

The Shanghai Green Account started publishing posts from 20 May 2015. The numbers of total annual posts in [Fig. 5](#fig0005){ref-type="fig"}c are stable from 2016 to 2019, which implies a disciplined publicity behaviour of this subscription account. [Fig. 5](#fig0005){ref-type="fig"}c also shows the annual trend of the ratio of annual waste management related posts in total annual posts. The average ratio from 2015 to 2019 is 87.9%. The relatively high ratio of waste management related posts can also be observed in the subscription account \@WasteManagement ([@bib0011]). The ratio of 84.3% in 2018 has an apparent reduction compared to the other four-year average ratio of 88.8%. Through tracking the posts in 2018, amongst 36 posts without relevance to waste management, 28 posts focused on a new topic---namely, Getting Around Shanghai---which introduces tourist attractions in Shanghai. The average numbers of views and likes belonging to the 28 posts are 578 and 5.5, which are significantly lower than their mean values in 2018, as shown in [Figs. 5](#fig0005){ref-type="fig"}a and [5](#fig0005){ref-type="fig"}b. The new topic on tourist attractions partially leads to the unfavourable user popularity in 2018. That is why this new topic was cancelled for publicity in 2019.

### 3.2.5. Relationship between views and likes {#sec0020}

By the Spearman correlation test, the correlation coefficient between the number of views and the number of likes is 0.73 (*p* \< 0.001), which suggests a strong and statistically significant correlation. By a distribution fitting, the view/like ratio obeys a GEV distribution ([Fig. 6](#fig0006){ref-type="fig"} a) with the shape, scale and location parameters of 0.30, 38.63 and 75.55, indicating a heavy-tailed distribution. The scatterplot in [Fig. 6](#fig0006){ref-type="fig"}b suggests a relatively linear relationship between the two variables. The ratio estimation result, 96.64, under the Bayesian linear regression in [Fig. 6](#fig0006){ref-type="fig"}b has an apparent difference with the estimation, 108.39, under the least-squares linear regression. This observation demonstrates the importance of the distribution verification and model selection when the models are applied to real cases in the waste management field. For the studied case, the estimation function indicates that a basic number of views (i.e. about 105 views) activates the behaviour of likes statistically, and one like per about 97 views occurs after the activation averagely. There are two kinds of applications based on the above observations. First, the ratio estimation model under the Bayesian paradigm could guarantee more robust applications on different social media platforms. Second, the generated view/like ratio could be set as a benchmark for further improvement in social media publicity and household waste segregation and recycling. More likes imply more satisfaction regarding the publicity of household waste management. Satisfaction can impact enthusiasm and participation in waste segregation positively ([@bib0051]).Fig. 6The relationship between views and likes. (a) the distribution of the view/like ratio and (b) the ratio estimation based on the Bayesian linear regression (solid blue line). Note: the estimation based on the least-squares linear regression (red dashed line) is used as a comparison.Fig. 6

### 3.2.6. Relative publicity quality of historical posts {#sec0021}

According to the definition in [Section 2.3.6](#sec0011){ref-type="sec"}, the proportion of posts without likes takes 1.6% (i.e. 17 amongst 1,034 posts). There are 30 outliers of the time-serial view/like ratio, as shown in [Fig. 7](#fig0007){ref-type="fig"} a, which take 2.9% amongst the 1,034 posts. Collectively, the poor-quality posts take 4.5% being equivalent to a relative publicity quality (RPQ) of 0.95. The RPQ measure could have two applications. First, managers can compare the RPQ value of the subscription account of interest with RPQ values of other accounts to obtain the motivation for further quality improvements. Second, the text analytic statistics in [Section 2.3.7](#sec0012){ref-type="sec"} can help to figure out the keyword frequency of these poor-quality posts. The results are shown in [Fig. 7](#fig0007){ref-type="fig"}b. By excluding the common keywords, i.e. \'waste segregation\', \'green account\' and \'Shanghai\', the apparent keywords are \'good modes\', \'environmental classroom\', \'district\' and \'knowledge\'. For one thing, social media users may not have common interests in straightforward exhortation and annoying knowledge. For another, the Shanghai Green Account was designed for users in the whole city. It is better to publish posts targeting issues or news for the city-wide residents rather than the district-wide residents, let alone there are already district-level subscription accounts, such as Yangpu Green Account, Jinshan Green Account, Hongkou Green Account and Chongming Green Account. Overall, the analytics of poor-quality posts could improve the strategy adjustment for social media publicity on environmental protection and education. For example, the story presentation needs to be more attractive to avoid boring preaching. Otherwise, the media (including social) related to waste management would lose the engagement or attention of users due to the lack of attractiveness ([@bib0059]).Fig. 7(a) the detection results of outliers of the time-serial view/like ratio and (b) the keyword frequency results of these poor-quality posts.Fig. 7

### 3.2.7. Feedback and interactions on the platform {#sec0022}

By the Spearman correlation test, the correlation coefficient between the number of comments and the number of views is 0.66 (*p* \< 0.001). The correlation coefficient between the number of comments and the number of likes is 0.56 (*p* \< 0.001). Although the correlation test results are statistically significant, the correlation coefficients are both less than 0.70. The resulting R^2^ values of curve fitting are both less than 0.40 (Figure S2 in Supporting Information). The results of the correlation analysis and curve-fitting suggest relatively loose relationships between the number of comments and the number of views (or likes). In other words, a hot topic with high user popularity does not necessarily guarantee active user comments. The keyword frequency analysis results associating with the number of comments are shown in Figure S3 in Supporting Information to discover the topics behind posts with active user comments. Overall, the results imply that the Shanghai Green Account has published quite relevant contents in the scope of its publicity tasks. The posts that receive over 15 comments (Figures S3a and S3b in Supporting Information) more likely link to the incentive/reward/promotion programmes after excluding those common keywords, i.e. \'waste segregation\', \'green account\' and \'Shanghai\'. The results in Figures S3a and S3b imply that incentives promote interactions between users and household waste managers on the social media platform, and the welfare/gifts exchange has more promotion effects than virtual points in accounts of residents. These observations could guide better interactions between users and managers, thereby elevating the user participation in household waste management.

Regarding the feedback to user feedback. From 20 May 2015 to 20 December 2019, a total of 209 amongst 1,207 user comments have been replied by the propagandist. The reply rate is 17.3%. Although a low replying rate is common for a subscription account since some comments are repeated questions or not questions at all, some unique questions and suggestions are not replied. For example, the question about how to register and log into green accounts and the question regarding what kind of waste (hazardous or recyclable) is the fluorescent lamp? Since satisfaction would impact participation and enthusiasm in waste segregation positively ([@bib0051]), the unsuccessful interactions might reduce the enthusiasm and engagement of residents in community waste management.

Regarding the contents of user comments. Massive group wisdom in user engagement can promote household waste segregation and recycling. Some examples from user comments are listed as follows.(i)Questions: \'Considering that the materials of Tetra Pak include plastic, aluminium and paper, which category should the Tetra Pak be thrown for recycling?\'. The answer from the subscription account is \'the paper category because of the high paper content in Tetra Pak\'. After implementing the mandatory waste segregation in Shanghai on 1 July 2019, more plastic bags were used for packing different categories of waste. For the post \'Restriction or ban for plastic?\' on 06 September 2019, the question from a user is \'When will the society develop environmentally friendly alternative materials to forbid and replace plastics?\'. This might be an open question without conclusive answers in the current phase. [@bib0026] suggested plastics are not natural foes and what we need to do currently is to promote the \'10Rs programme\' for a circular economy. Although plastics have been providing convenience for goods packing and assisting in fighting COVID-19 pandemic, more attention should be paid to \'Plastic Waste Footprint\' worldwide ([@bib0027]).(ii)Errata in posts: In a post on 4 February 2019, the colour patterns of the waste segregation bins were found not to meet the latest colour standard. On 17 October 2019, some users found an error hyperlink in the post. Some active users even pointed out typos in posts. Fortunately, the propagandist replied to the comments and modified the errata promptly, which demonstrates the unique advantage in terms of interactions by social media publicity compared to traditional one-way media publicity, such as newsletters, posters and magazines.(iii)Suggestions: Some users suggested replacing the offline exchange of green points by online exchange manners to make the incentives more environmentally friendly. Some users claimed that the members of mobile video applications attracted them the most than daily necessities. The users\' feedback was implemented several months later, and the exchanges of video members were successful online on the Green Account website.(iv)Critical comments: After implementing the new policy, only one dumping facility is left in partial communities with more than 500 households. The waste dumping time windows are not rational for some residents. Although hazardous waste bins are full in some communities, residents still have to wait until the designated day for hazardous waste collection and transportation. User comments have raised many useful suggestions and practical issues in daily life, which help to enhance household waste segregation and recycling management significantly.

4. Conclusions {#sec0023}
==============

This study has proposed an integrated framework with statistical and machine learning techniques to measure and improve social media publicity related to household waste management. A total of seven inter-related measures and analytics approaches have been applied to understand the behaviours or patterns of the propagandist and users of a subscription account in social media. A specific case study of the Shanghai Green Account, on the WeChat platform, has demonstrated the potency of the framework and approaches in revealing the useful information for personalised improvements of household waste management. The framework and approaches could be easily replicated to publicity analytics for other subscription accounts on different social media platforms, such as Facebook, YouTube, WeChat, Instagram and Twitter.

The main observation of this study is that, if decision-makers are not supported by data analytics on online footprints of propagandist and users, social media publicity related to household waste management would likely be propagandist-centred in both timing and topic dimensions. From the perspective of publishing time, posts were published when the time is more comfortable for the propagandist, rather than when most users can read the posts. From the perspective of published topics, posts stressed more on the usefulness and knowledge of published topics but lacked the balance regarding how to attract users simultaneously. Although social media publicity should not be totally user-centred to keep the diversity of published contents, the propagandist could improve the story presentation as suggested, especially for environmental education/knowledge related topics.

The main quantitative results are:i)With the mandatory implementation of waste segregation and recycling in Shanghai, compared to those in 2018, the average daily dry waste in 2019 was reduced by 17.5%, biodegradable food waste and recyclable waste were elevated by 88.8% and 431.8%, and the average number of views in the Shanghai Green Account was elevated by 138.5%.ii)In 2015, 2016, 2017 and 2019, the average ratio of waste management related posts in total annual posts was 88.8%. The smallest annual ratio, 84.3%, occurred in 2018 when the user popularity on the subscription account was also observed to be weak.iii)The historical publishing time has a loose distribution with six Gaussian components. The identified golden time durations with most views are 12:00--13:00 and 21:00--22:00 on Thursday.iv)Ten underlying topics are identified for the publicity of waste segregation and recycling in the Shanghai Green Account. The new stories/knowledge and the incentives related to green accounts contribute the most for the post view. In contrast, the environmental protection/education contributes the least for it.v)The number of views and the number of likes show a statistically significant linear relationship (Pearson coefficient \> 0.7 and *p* \< 0.001). The number of likes, which can reflect the satisfaction (awareness) and engagement (willingness), is still having a large room for improvement where the current status is one like per average 97 views after a basic view activation.vi)Amongst the historical posts, there are 17 posts without likes and 30 posts that are outliers of time-serial view/like ratio. They result in the relative publicity quality of 0.95 collectively.vii)Based on the keyword frequency analysis, the engaging posts (e.g. with more than 15 comments) are identified as having a close relationship with promotion or reward programmes (e.g. keywords of \'points\', \'exchange\' and \'welfare\').

Several directions on the social media publicity analytics related to household waste management are worthy of being investigated further considering this is a relatively new area under the background of IoT and digitalisation in waste management.a)When social media posts are not proposed and designed in a qualified manner, they could be even contra-productive. The adverse effects of some posts on household waste segregation and recycling are worthy of being assessed systematically.b)The integrated framework is also applicable to the other platforms such as Facebook, Twitter and Instagram, which have different user bases in worldwide waste management systems. Future work can be conducted to compare the differences in results from the spatial and demographic aspects.c)The indirect influence of publicity on behaviour was identified by [@bib0052]. It is beneficial to rethink the awareness promotion mechanism based on the improved outputs of social media publicity related to household waste management.d)Social media may not replicate \'face to face\' of social influence ([@bib0055]) on the publicity related to household waste management. The information in user comments on social media platforms could provide enough insights into different types of media ([@bib0041]), including the \'face to face\' communication.e)The publicity analytics deserves investigation in waste management before, during and after the COVID-19 pandemic, considering that environmental footprints ([@bib0025]) and waste generation behaviours ([@bib62]) have changed significantly during this crisis period.
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[^1]: Note: The computational time and the trend of validation perplexity are presented in Figure S1 in Supporting Information.
